Abstract-Four longitudinal control techniques are compared: a classical Proportional-Integral (PI) control; an advanced technique-called the i-PI-that adds an intelligent component to the PI; a fuzzy controller based on human experience; and an adaptive-network-based fuzzy inference system. The controllers were designed to tackle one of the challenging topics as yet unsolved by the automotive sector: managing autonomously a gasoline-propelled vehicle at very low speeds. The dynamics involved are highly nonlinear and constitute an excellent test-bed for newly designed controllers. A Citroën C3 Pluriel car was modified to permit autonomous action on the accelerator and the brake pedals-i.e., longitudinal control. The controllers were tested in two stages. First, the vehicle was modeled to check the controllers' feasibility. Second, the controllers were then implemented in the Citroën, and their behavior under the same conditions on an identical real circuit was compared.
Low-Speed Longitudinal Controllers forI. INTRODUCTION

D
RIVING in traffic jam conditions is one of the most challenging topics of large city traffic management. The data on Madrid (Spain) indicate that its almost one million workers every day waste more than 30 minutes at rush hours because of traffic jams. The estimated annual cost is more than 800 million euros [1] . This problem is being tackled by both the automotive industry and transport research groups with the goal of reducing these figures. With respect to the automotive sector, particular effort has been put into developing automatic vehicle speed control. The main aim of these controllers is to improve the safety of the car's occupants by relieving the human driver of tedious tasks so as to make driving easier, as well as making traffic flow more efficient. A first implementation was cruise control (CC) based on controlling the accelerator pedal [2] . This was then extended to adaptive CC (ACC) systems [3] , developed to maintain a certain speed. A study of the impact of the widespread inclusion of CC systems can be found in [4] , which finds, for instance, that there was a 50% reduction in crashes with injuries to the vehicle's occupants. However, these commercial systems are as yet incapable of working at speeds below 15 km/h-obviously the case in traffic jams. For urban environments, several advanced driver assistance systems (ADAS) [5] have been developed based on acoustics, haptics, or visual signals to warn the driver of potential collisions, but the trend for the future is for there to be a step taken from developing driving aids to developing automatic driving controls.
With these premises, research on autonomous systems capable of adapting a vehicle's speed in urban environments is one of the most important targets for the mid-term future of the market. Such systems, based on combined actions on the accelerator and brake pedals, are known as intelligent cruise control (ICC) [6] . Recent approaches to this problem have studied scaled vehicles [7] , but gasoline-propelled vehicle dynamics at very low speeds are highly nonlinear and difficult to translate from a scaled vehicle to the real world.
Since the essential mechanism to generate friction or braking efforts is the tire-road interaction, which is a very complex phenomenon and depends on many poorly known factors, the control strategies chosen for this work have a common point: they are all based on model-free control approaches. As a result, the tracking results obtained here will a priori be valid for most of the vehicle at any stage of its lifetime cycle.
With these premises, the original contributions of this communication are twofold. On one hand, to tackle one of the challenging topics as yet unsolved by the automotive sector: managing autonomously a gasoline-propelled vehicle at very low speeds. On the other hand, to perform a comparative study of four longitudinal controllers: a classical ProportionalIntegral (PI) controller; an advanced technique-called the i-PI-that adds an intelligent component to the PI; a fuzzy controller based on human experience; and an adaptive-networkbased fuzzy inference system. These controllers were first tested in a simulation model. They were then translated to a mass-produced vehicle and tested on a real driving circuit, performing a comparative study of their behavior.
The rest of this paper organized as follows. Section II introduces the pre-requisites that have to be met by the controllers based on the comfort of the car's occupants. Section III presents the model of the vehicle, and the controllers that were designed are described in Section IV. The simulation results of the four controllers are compared in Section V. Section VI describes the mass-produced vehicle capable of managing accelerator and brake pedals, and Section VII presents the results using the real car. Finally, some concluding remarks are given in Section VIII.
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II. PREREQUISITES
Various prerequisites were set to ensure an objective comparison of the four proposed autonomous longitudinal control techniques.
For the vehicle's speed control, priority was assigned to the occupants' comfort. The so-called Comfort Driving is an imprecise term whose limits may be taken at different values. A consensus widely accepted in the automotive sector is that given in [8] , in which the maximum comfort acceleration is fixed at 2 m/s 2 . Given this basic target for comfort, we performed various tests to determine the maximum acceleration and the decelerations that might be experienced in the mass-produced car. For the acceleration, a human driver drove the vehicle from motionless with the accelerator (throttle) pedal pressed completely down. The car's behavior is shown in Fig. 1 (solid line). The upper plot is the vehicle's speed during the test, and the lower plot is its acceleration. The sampling interval was fixed by the parameters of the Controller Area Network (CAN) bus at 40 ms (25 Hz sampling rate). One observes that the acceleration exceeds the comfort value only slightly in the first instants-while the automatic gearbox is in first gear. Once the speed surpasses 15 km/h, the acceleration decreases to around 1.5 m/s 2 . The values where the acceleration is null correspond to automatic gear changes, which are also reflected in small variations from smoothness in the speed curve.
In sum, therefore, the vehicle's maximum acceleration is in line with the comfort acceleration of 2 m/s 2 , so that the entire accelerator pedal range is allowed.
The electro-hydraulic braking system installed in the vehicle was designed to allow emergency braking and sharp deceleration [9] . Given one of the purposes of the work (avoiding collisions in automatic driving), the allowed braking force engineered into the system was oversized relative to what would be required for comfortable driving. We therefore measured experimentally the deceleration generated for several constant pressure input values in order to determine the comfort values. To this end, automatic braking was activated via software at a constant pressure. The dashed line in Fig. 1 shows the speed and deceleration in one of these trials with 20% opening of the electro-proportional pilot. In the lower part of the figure, one observes that the deceleration values reached around −3 m/s 2 . This suggests that values higher than a 20% opening are not to be considered for comfortable control.
Once the maximum action allowable on the accelerator and brake pedals had been determined, the variables used to perform the control were defined. To this end, only values provided by the on-board sensors in the mass-produced vehicle were permitted, i.e., those provided via the CAN bus. In particular, the vehicle's actual speed and acceleration-obtained from a differential Hall Effect sensor and a piezoelectric sensor, respectively-were used as input variables. The reference (target) speed was generated via software. The frequency of actions on the pedals was set by the vehicle's CAN bus-25 Hz.
III. MATHEMATICAL MODEL OF THE CAR
The balance of forces along the vehicle's longitudinal axis (cf. [10] ) gives
where M is the mass of the vehicle, V x the longitudinal velocity, F x the sum of all four longitudinal tire forces, R x the sum of all four tire forces due to rolling resistance, θ the angle of inclination of the road, and F a the longitudinal aerodynamic drag force. The rolling resistance forces are often modeled as a linear function of normal forces on each tire, i.e., R x = k r F z , with k r the rolling resistance coefficient and F z the vertical load of the vehicle.
The aerodynamic forces can be expressed as
with ρ being the mass density of air, C d the aerodynamic drag coefficient, A F the frontal area of the vehicle (the projected area of the vehicle in the direction of travel), and V wind the wind speed.
Finally, the Pacejka model [11] is used for each longitudinal tire/road interaction force, F x i . They depend on many factors, but essentially on longitudinal slip τ i , normal forces F z i , and the coefficient of friction μ i
where the slip ratio of each wheel is defined as
with r being the wheel radius and ω i the wheel angular velocity. Since longitudinal slip is usually small (τ 0.05), the tractive and braking forces can be simplified [10] as
being C x i a fundamental parameter intrinsic to the tire/road interaction, called longitudinal stiffness coefficient. The rotation 
where I i is the wheel's moment of inertia, r the tire radius, τ e i the applied engine torque and τ b i the brake torque, both applied to each wheel's center. The total engine torque τ e can be expressed in terms of the throttle opening u e by the expression [12] 
where n is the gear ratio, ω is the average wheel speed, β m is an engine torque parameter, and the maximum torque τ m is obtained at engine speed ω m . Finally, the dynamics between the braking control variable u b and braking torque τ b can be modeled as a second-order linear system [13] 
with K b , η b , and ω b the static gain, damping factor, and natural frequency, 1 , respectively. All the numerical values of the model parameters are given in Table I .
IV. DESIGN OF THE CONTROLLERS
This section will describe the four control techniques used for the mass-produced car's speed control.
A. PI Controller
A PID controller is very useful for resolving a wide range of control problems. Indeed, more than 95% of all industrial control problems are resolved with PID control [12] .
The control action is a sum of three terms: the past as represented by the integral of the error, the present as represented by the proportional term, and the future as represented by a linear extrapolation of the error (the derivative term). Many of these controllers are actually PI because derivative action is either unnecessary or difficult to tune. Thus, a PI controller u will be classically tuned (cf. e.g., [12] ) to reduce the velocity error
with proportional K P and integral K I gains. More specifically, parameters K P and K I will be optimized to minimize the velocity Integral Absolute Error (IAE)
whereV s is the first derivative of a smoothed reference speed, while respecting the maximum confort longitudinal acceleration. The results of this optimization process is shown in Table II .
B. i-PI Controller
2
As given in [18] , a finite-dimensional nonlinear system can be written locally as
where α ∈ R and μ ∈ N are two constant parameters, which do not necessarily represent physical magnitudes and whose choice is based on the following guidelines:
• μ is usually 1 or 2, and may represent the system order, but not necessarily.
• α should allow F and αu to be of the same order of magnitude.
The term F , which is a sort of nonlinear black-box identifier 3 [18] , [20] , is computed with the input value at the preceding sample time u(t k−1 ) and with the μth derivative estimate of the output [y (μ) (t k )] e at the current sample time
Combining the sum of the four wheel dynamics (2) and (1), one obtains a differential relationship between vehicle speed and brake/engine torqueṡ
where
i=1 τ e i − τ b i is a generalized torque applied to the vehicle-which will be positive or negative according to whether the throttle or brake are active.
The acceleration and braking dynamics will be neglected locally with respect to the vehicle dynamics. Consequently, an algebraic expression will be considered to approximate the relationships between engine torque τ e = 4 i=1 τ e i and a normalized voltage (u e = K e τ e , u e ∈ [0 − 1]), and between braking torque τ b and a normalized voltage equivalent to the
Using the formalism introduced in (4), (6) can be expressed aṡ
If (7) is inverted and merged with a PI controller [12] , the resulting i-PI control law yields
where K P , K I ∈ R + are PI-tuned gains (see Table II ). Remark 1: In adaptive or predictive control, a precise model of the overall system is commonly sought to properly optimize or adapt the control action to any situation. The control paradigm presented here aims to define a reference trajectory in accordance with system dynamics, so that controller actions are as smooth as possible and do not exceed saturation limits. The algorithm presented in [21] will be used to transform in realtime any step into a smooth reference that guarantees maximum acceleration and jerk compatible with the brake and motor systems.
Equation (8) can be particularized in the present case to control the throttle
and likewise with the brake where γ x (t k ) ≈V x (t k ) is the longitudinal acceleration provided by the CAN bus. Finally, a decision rule will be established to determine whether braking or accelerator actions are needed. The control law of (10) will be applied if the speed setpoint is decreased. Since the motor exhibits much slower dynamics than the brake, when the smooth reference value is too close to its desired final target in this braking manuever, a possible accelerator action-(9)-will be allowed. In any other case, the accelerator control law (9) will be used. Even though this decision rule might seem too simple, it will be shown that it works properly and avoids the undesired effects of chattering between braking and accelerating actions [22] .
Finally, note that PI and i-PI optimal gains for the proportional and integral actions are identical. The α parameter of i-PI, both for brake and throttle, has been manually obtained once the pure PI parameters were optimized.
C. Fuzzy Controller
The fuzzy controller developed consists of a rule base containing expert knowledge and a set of variables representing linguistic values. Although a vehicle presents highly nonlinear behavior, a human driver is capable of driving based on experience. We use this human experience as expert knowledge in order to design a controller capable of controlling the vehicle's speed at very low speeds. The tuning process was experimentally carried out with the idea of mimicking human driver behavior. In this connection, the fuzzy input variables were chosen as intuitive as possible. Final readjustments were carried out by trial and error procedure-as human drivers do to adapt the speed. As starting point, the pre-requisites presented in Section II have to be taken into consideration. Two variables are used as inputs:
Speed error is defined as the difference between the target speed and the actual speed, in km/h. It contains three membership functions-one for each of its three associated linguistic labels (see left side of Fig. 2 ). The Negative linguistic label represents the cases where the actual speed is significantly greater than the target speed, and the brake pedal has to be pressed. The Positive linguistic label indicates that the actual speed is lower than the target so that the accelerator pedal has to be pressed. Finally, the Center linguistic label includes the values where the speed error is close to zero.
Actual speed, in km/h. This variable is introduced to make smoother target speed changes. Given that the maximum acceleration allowed is 2 m/s 2 , its behavior differs according to the initial speed when a target speed change occurs (see Fig. 1 ). This fuzzy input also has three membership functions defined one for each one of its three associated linguistic labels (see right side of Fig. 2) . Given that the controller is designed for very low speeds, the Low linguistic label represents cases when the vehicle's speed is close to the moment when the vehicle is started. The High linguistic label detects when the vehicle's speed is close to the maximum speed allowed-15 km/h. A central membership function is included with the Medium linguistic label.
The output variable is Pedal. This determines which actuator has to be pressed, and the magnitude of the action. The fuzzy output variable's membership function shape is defined using Sugeno singletons which are based on monotonic functions. The possible output values are within the range [−1, 1], where −1 indicates the brake pedal is completely depressed and 1 indicates the maximum action is applied to the accelerator pedal. The output values assigned for each rule were determined experimentally, and are listed in Table III .
The main advantage of this controller is that it is easily readjusted since it consists of intuitive rules aimed at imitating human drivers.
D. Neuro-Fuzzy Controller
Following the development by Tagaki and Sugeno of a fuzzylogic-based controller [23] , many industrial processes are now controlled using the knowledge of expert operators. The main advantage of a fuzzy controller is that an exact mathematical model of the system is unnecessary. The control problem is reduced to estimating the input, establishing a rule base, and assigning the output values.
Nevertheless, for a large class of fuzzy applications, there are no standard methods for transforming human experience into the fuzzy system's rule base and database, and the problem is compounded as more variables are added into the control loop.
Neuro-fuzzy systems combine the easy handling of if-then rules with the learning capacity of neural networks [24] . One of the most extensively used and successful in terms of the quality of its results is the adaptive-neuro-fuzzy inference system (ANFIS) [24] , which combines a back propagation algorithm with a least squares method. There has been a recent application to improve speed tracking and the comfort of the vehicle in a simulation [25] . Also, some of the latest work of our group [26] has shown that previous fuzzy controllers can be improved by incorporating the experience of expert drivers via a neuro-fuzzy system, but, although the driving achieved was more comfortable, there was still a large speed reference error (around 1.59 km/h) [26] . The controllers described above in the present work-the i-PI and fuzzy controllers-provide the basis on which to generate a new controller using neuro-fuzzy techniques. It is essential to begin with a good database on which to train the neural network and to generate the membership functions, the rules, and the output using Sugeno singletons for the neuro-fuzzy controller. This database will contain the measured input and the desired output. Given the difficulty in measuring the pressure of both pedals in real time while following a reference speed, in the present work we selected the best trials with the other controllers to train the neuro-fuzzy controller. In particular, we considered the steady state behavior of the i-PI and the transient state behavior of the fuzzy controller with which to apply the ANFIS learning strategies. An extensive experimental validation was carried out to check the system stability in urban environment situations at low speeds.
A new controller has been estimated using adaptive neuronalnetwork (ANFIS). The proposed neuro-fuzzy controller has three input variables (actual speed, acceleration, and speed error) and one output variable (pedal). The actual speed and the speed error have the same meaning as in the previous fuzzy controller section. The acceleration is measured in meters per second squared (m/s 2 ), and is defined as the derivative of the actual speed at a given instant of time. Its linguistic representation is divided into three values: negative, center, and positive. The behavior of this controller can be improved by using a better database. In particular, since the neural network did not start with an expert trainer, some mistakes were necessarily carried over, and an improvement would be expected if one had exact pedal pressures produced by an expert driver.
V. SIMULATION RESULTS
As noted above, to evaluate the closed-loop system's behavior with each of the controllers, the vehicle's dynamics were simulated with a model that takes the wheels, tire, brake, and engine dynamics into account.
Corrupting measurement noise from the speed and acceleration CAN-based sensors was modeled as additive white Gaussian variables, with the measured speed and acceleration being expressed as
respectively. In order to analyze the controllers' behavior over a wide operating range, several target speed changes were performed in first gear [see the setpoint and smooth reference speeds in Fig. 4(a) ]. The quality of the tracking, the evolution of the control action, and the vehicle's resulting acceleration can be observed in the three plots of Fig. 4 for the four controllers, which summarize the most important aspects of the controllers' behavior.
In brief, all four controllers satisfy the Comfort Driving prerequisites, but with certain differences.
• The transient responses are different with the fuzzy-based control methods from those with the PI-based methods, especially in the convergence to the target speed. This is because PI controllers are designed to track a smoothed reference with bounded acceleration and jerk, whereas the regulation performed by fuzzy-based controllers is with respect to the final target speed.
• The steady-state response is satisfactory with three of the controllers, the exception being PI, but i-PI reaches the target value more accurately than either of the fuzzy-based controllers.
• The control actions are more abrupt in steady-state phases with the fuzzy controllers than with the PI controllers. 
VI. AUTOMATED CAR
After this design and check of the four controllers in a simulation, a mass-produced car was instrumented with control devices to test them in a real environment with a real car. In particular, this was a convertible Citroën C3 Pluriel (Fig. 5) modified to permit autonomous actions on the accelerator and brake pedals. These modifications allowed the controllers' outputs to be sent to the vehicle's actuators. The car is equipped with an on-board industrial PC located in the boot that governs the various peripheral devices connected to it. A PCMCIA card is used to obtain the CAN bus data. Two different cards are connected to send the output control signals to the actuators. Details about throttle and brake automation processes can be found in [9] and [27] .
As noted above, the control cycle rate is fixed by the CAN bus, with each 40 ms, a new control signal being sent to the actuators. In the trials, the vehicle was motionless until a nonzero reference speed was received via software. To compare the controllers, a specific route was defined and the same reference speed changes were sent to them.
VII. EXPERIMENTAL RESULTS
Various target speed changes were set each 30 s, all within the very low speed range that was the object of the present study. To avoid any effect of gear changes, the automatic gearbox was maintained at all times in first gear. To quantify these results, three principal control quality indicators will be compared (see Table VII ): the absolute tracking error, the computational cost, and the softness of the control action. The first two can be computed directly from measurements. The last was estimated as the median frequency of the control action's Fast Fourier Transform (FFT).
FFT is an an efficient algorithm to compute the Discrete Fourier Transform (DFT) F
where u k is the control action at time t k and N is the length of the control action signal. It is well known that DFT allows to analyze the frequency spectrum of a sampled signal, and as a consequence, its sharpness. Two complementary statistical indicators will be taken from the control signal: the maximum value and the medianũ of sequence U k
to have a good indicator of the overall control action while giving reduced importance to outliers. Besides, two different parameters will be also considered to evaluate the tracking performance from the absolute speed error
being V r the reference speed: the meanē = (1/N ) N −1 k=0 e k and the medianẽ, that naturally weights the steady-state error
One observes (see Fig. 6 ) that the PI controller was unable to attain the reference speed during the entire test. This is reflected in Table VII where the PI controller is the unique over the unity in the mean tracking error value. The behavior of the i-PI controller was excellent in response to positive reference speed changes in both transient and steady states. In response to negative reference speed changes, it needed more time to reach the steady state-as can be seen in the change from 15 to 3 km/h. This effect is mainly due to the fact that, for comfort reasons, the throttle is allowed to act slightly before the set-point is attained in braking maneuvers. While the fuzzy controller improved the results for negative reference speed changes, it presented large fluctuations in the steady state. The neuro-fuzzy controller corrected these fluctuations, but its behavior in the steady state was somewhat poorer (see the median tracking value in Table VII ) than the i-PI controller.
The action on the actuators-i.e., on the accelerator and brake pedals-was significantly softer in the i-PI controller than in the fuzzy and neuro-fuzzy controllers, as is reflected in the car's acceleration. Despite all the controllers satisfying the Comfort Driving pre-requisites, the fluctuations were smaller with the i-PI controller (see the control action FFT median in Table VII ). The highest control action was obtained by the PI controller.
Finally, mean computational cost (see Table VII ) is quite similar for all 4 controllers. The Neuro-Fuzzy controller obtained a slightly higher execution time.
In brief therefore, PI is a well-known technique but it gave the poorest controller. The fuzzy controller can be intuitively re-tuned and its behavior can be considered acceptable; the neuro-fuzzy controller is an improvement but at the cost of losing the re-tuning option; and the i-PI controller shows the best behavior in the steady state with the greatest comfort, confirming the findings of the simulation. However, the transient response is still an unresolved issue in i-PI, especially in braking maneuvers. This fact is mainly due to the hybrid nature of the actuator, and several solutions are under investigation to solve this problem using recent results (cf. e.g., [28] ).
VIII. CONCLUSION
A comparative study of four control techniques has been presented: classical PI control, a novel control technique denominated i-PI control, fuzzy control based on human expert knowledge and experience, and neuro-fuzzy control. These controllers were designed, validated in simulations, and implemented in a mass-produced car. It was not only the goal of the study to compare different intelligent control techniques but also to try to respond to one of the unsolved problems of ADAS-speed control with a full-range capability, in particular, at the low speeds that occur in traffic jams. To this end, a mass-produced car-a Citroën C3 Pluriel-was modified to manage the accelerator and brake pedals autonomously to use it as a test-bed for the controllers.
The intelligent control techniques were implemented in this car using the on-board sensors without involving any additional cost in extra-sensorial information. Only a minimum of modifications were made to allow automatic action on the accelerator pedal via an analog card, and on the brake pedal via an electrohydraulic pump.
The controller comparison showed the PI controller to be unacceptable because of its large tracking error. The human knowledge based fuzzy controller presented good behavior as well as being easy and intuitive to re-tune via its rule base. Indeed, the time needed to design this controller was significantly shorter than needed for the others. The neuro-fuzzy controller gave better results but at the cost of it being difficult to change the rule base that was generated. Finally, the i-PI controller gave the best behavior as measured by the averages of the quality parameters tested. Its main drawback is in its tracking of negative reference speed changes.
From the ADAS point of view, we have presented the design and implementation of three valid solutions for an as yet unresolved issue in the automotive sector-automatic speed control at very low speeds. The systems presented can be used to relieve the human driver of the type of tedious tasks that arise when driving in traffic jams.
